A meaningful set of stimuli, such as a sequence of frames from a movie, triggers a set of different experiences. By contrast, a meaningless set of stimuli, such as a sequence of 'TV noise' frames, triggers always the same experience-of seeing 'TV noise'-even though the stimuli themselves are as different from each other as the movie frames. We reasoned that the differentiation of cortical responses underlying the subject's experiences, as measured by Lempel-Ziv complexity (incompressibility) of functional MRI images, should reflect the overall meaningfulness of a set of stimuli for the subject, rather than differences among the stimuli. We tested this hypothesis by quantifying the differentiation of brain activity patterns in response to a movie sequence, to the same movie scrambled in time, and to 'TV noise', where the pixels from each movie frame were scrambled in space. While overall cortical activation was strong and widespread in all conditions, the differentiation (Lempel-Ziv complexity) of brain activation patterns was correlated with the meaningfulness of the stimulus set, being highest in the movie condition, intermediate in the scrambled movie condition, and minimal for 'TV noise'. Stimulus set meaningfulness was also associated with higher information integration among cortical regions. These results suggest that the differentiation of neural responses can be used to assess the meaningfulness of a given set of stimuli for a given subject, without the need to identify the features and categories that are relevant to the subject, nor the precise location of selective neural responses.
Introduction
When one watches a movie on a TV screen, as the movie frames flow by, one sees a succession of different scenes, each containing a different assortment of meaningful objects and events. It is fair to assume that the different scenes one experiences (phenomenological differentiation) are due to different patterns of activity in relevant parts of the brain (neurophysiological differentiation), including regions that respond to faces, places, story lines, and so on. Ultimately, of course, such different patterns of activity are related to differences among the physical stimuli to which the brain is exposed (stimulus set differentiation)-in this case, the movie frames.
If instead one watches for a while a TV out of tune, as the black and white pixels flicker in front of the eyes, one sees all the time the same flickering image of 'TV noise. ' As with the movie, each 'TV noise' frame is made up of a different configuration of black and white pixels (stimulus set differentiation), each of which will trigger different patterns of activity in the retina and possibly elsewhere in the visual system. However, it is fair to assume that the parts of the brain that are relevant for what one sees consciously will respond in the same way to different noise patterns (lack of neurophysiological differentiation), since what one sees and its meaning stay the same (TV noise, lack of phenomenological differentiation).
By comparing the differentiation of brain responses triggered by a movie with those triggered by its pixel-scrambled version, one might therefore obtain a neurophysiological index of how much more subjectively meaningful the movie is, compared to the TV noise, even though the objective differences in the set of stimuli are comparable [1] . Importantly, measuring the increase in neurophysiological differentiation to a movie compared to 'TV noise' in an individual subject does not require knowing which brain region responds to which movie features, nor does it require that different subjects respond in similar ways to the same features-it only requires that they respond in a more differentiated manner to a set of meaningful stimuli than to a less meaningful one.
Material and Methods

Subjects and Ethics Statement
Six healthy participants (N = 6; 4 females; age range, 28-48 years) from the University of Wisconsin-Madison community participated in the study. All subjects provided informed consent following the procedures approved by the Health Sciences Institutional Review Board of the University of Wisconsin-Madison. Subjects had normal or corrected-to-normal vision, no contraindications for MRI, and no reported neurological or psychiatric history.
Stimuli
Stimuli were compiled from a classic silent film [Charlie Chaplin's City Lights (1931)] [2] . We used a silent film in order to avoid potential complications associated with temporal scrambling of sound [2] . The clips were of 256 seconds (~4 min) duration and resampled using Windows Movie Maker at a rate of 30 Hz. For the scrambled movie condition, the 4 min film sequence was subdivided into segments and scrambled in time at a 4 sec time scale. The original film was first divided into 4 seconds segments then randomly resampled using a Matlab custom script. For the 'TV noise' condition, movies were spatially scrambled by randomly reassigning each individual image pixels location in space using a Matlab custom script. This procedure was meant to preserve the first-order statistics of the stimuli. The temporal sequence and sampling rate of the 'TV noise' frames was also kept the same as in the original movie.
A general issue in experiments comparing scrambled to unscrambled images is that higher order image statistics are usually not fully matched even when using conservative procedures such as Fourier scrambling [3] . Ideally, multiple low-level scrambling procedures could be employed and compared, but this was not feasible in this initial study employing 30 repeated trials per condition. Therefore, in the present experiment we employed random spatial scrambling as the lowest-level fully structureless baseline [1] against which to compare to movie and scrambled movie data. 'TV noise' represents the lowest-level baseline because 'TV noise' does in fact look always the same. This is not true for Fourier and other scrambling procedures that preserve low-level correlations: Fourier scrambled frames look clearly different, although they do not trigger any discernible high-level category such as contours or objects. On the other hand, 'TV noise' can certainly reach far enough into the brain to trigger the appropriate experience (of 'TV noise'), while presumably producing differentiated patterns of activity at least in the retina. Only 'TV noise', then, truly removes all spatial and temporal correlations to which the brain is attuned and, having no structure, it has no differentiated meanings for the brain to pick up-whether low-or high-level.
The block design itself was made of 10 presentations of 20 sec. of the original movie, 20 sec. of a 4 sec. time-scrambled version of this 20 sec. movie sequence, and 20 sec. of the 'TV noise' corresponding to the 20 sec. movie, in counterbalanced order. Each 20 sec. of stimulus presentation was preceded and followed by 10 sec. of black screen.
Experimental paradigm
While in the fMRI scanner, subjects viewed thirty presentations of 4 min segments of movie, scrambled movie, and 'TV noise' in counterbalanced order. Subjects watched the movie twice before starting the experiment to become familiar with its content. The experiment took place in 2 separate days (except for one subject, where it was spread over 3 afternoons). Each subject also underwent the block design session and a 4 min resting state scanning session. During the whole experiment, subjects were instructed to focus on the visual stimuli and avoid mind wandering. Online vigilance monitoring was performed using eye tracking and simultaneous electroencephalographic recordings using a 32-electrode Brain Amp magnetic resonance compatible EEG setup. These data are not reported in the present article, but were used to ensure that subjects had remained vigilant and focused throughout the experiment.
fMRI data acquisition
Functional MRI time series were acquired using a 3 Tesla GE MR scanner. Multislice T2 Ã -weighted fMRI images (TR 1100 ms, TE 14 ms, 29 slices, with a slice thickness 4 mm and an inter-slice gap of 1 mm) and a structural T1-weighted sequence were acquired in each subject. A single block design consisted in 828 scans. Thirty times 235 scans were acquired for repeated stimulus presentations of movie, scrambled movie and 'TV noise' conditions (for a total of ninety times 4 min sessions i.e. seven hours of scanning per subject). A high-resolution T1 image was also acquired in each volunteer at the end of the whole experiment for coregistration to the functional data. During data acquisition, subjects wore earplugs and headphones and were in a comfortable supine position.
Block design analysis
Fig 1, Top Panel, displays the experimental paradigm used for block design analysis. In this paradigm, 20 sec sequences of movie, scrambled movie, or 'TV noise' were presented in alternation with a black screen baseline. The block design analysis was expected to show significant increases in the mean activity of many voxels for each of the three stimulus sequences compared to the black screen baseline. Schematic representation of a human brain with 3 representative voxels whose fMRI BOLD activity will be measured in a block design analysis and in a differentiation analysis. The red voxel is known to respond to faces, the orange voxel to places, and the green voxel has unknown selectivity. The colored traces in the right side panels represent the expected BOLD signal of these representative voxels during the fMRI experiments. Right, Top Panel: in the block design paradigm, 20 seconds sequences of movie, scrambled movie, or 'TV noise' are presented in alternation with a black screen baseline. The block design analysis is expected to reveal significant increases in the mean activity of the three pictured voxels for each of the three stimulus sequences compared to the black screen baseline. Bottom Panel: in the differentiation analysis paradigm, a 4 min sequence of movie, scrambled movie or 'TV noise' is presented to the subjects, each sequence repeated 30 times across different scanning sessions (only 3 of these repetitions are depicted, corresponding to 3 BOLD activity traces per voxel). In all three conditions, we expect an overall activation with respect to the black screen baseline similar to that in the block design paradigm. However, unlike the block design analysis, the differentiation analysis focuses on systematic timelocked increases or decreases in activity with respect to: i) each voxel's the black screen baseline (dashed black line); ii) each voxel's mean activity during the 4 min sequence. Movie sequence: for each voxel, we expect systematic time-locked increases and decreases of activity across the session (neurophysiological differentiation over time); moreover, we expect different voxels to show different patterns of systematic activations/deactivations in response to different movie frames (neurophysiological differentiation over space). Altogether, high neurophysiological differentiation in space and time (many different spatio-temporal patterns) is expected to go along high phenomenological differentiation (many different experiences). Scrambled movie sequence: we expect intermediate levels of neurophysiological differentiation, corresponding to intermediate levels of phenomenological differentiation. TV noise sequence: we expect no or minimal systematic time-locked incease or decreases in activity. Low neurophysiological differentiation (a single, unchanging pattern of activation/deactivation) corresponds to low phenomenological differentiation (a single, unchanging experience of 'TV noise'). Spontaneous fluctuations in BOLD activity from scan to scan are also expected in the 'TV noise' session, but they will not be time locked to specific 'TV noise' frames, which cortical regions treat as equivalent. For copyright reasons, all movie pictures were replaced in Figures by numbered blank frames representing their order of appearance in the movie. For this analysis, fMRI data were analyzed using Statistical Parametric Mapping (SPM, www.fil.ion.ucl.ac.uk/spm). Spatial preprocessing of functional scans included realignment, normalization to an MNI template, and smoothing using an 8 mm FWHM Gaussian kernel. After preprocessing, the onsets of movie, scramble movie and noise presentation were modeled using a box-car design and convolved with a canonical hemodynamic response function. In each subject, we then performed a T-test searching for differences in activation between the movie, scrambled movie and 'TV noise' sequences as compared to the black screen baseline. Individual results were thresholded at whole-brain FWE p<0.05 (see representative subject in Fig 2) . Each subject's unthresholded T contrast images for the movie, scrambled movie and 'TV noise' were also entered in a second level random effects group analysis, using a full factorial design with non-sphericity correction. Group results were computed T contrasts and thresholded at whole-brain FWE p<0.05 (Table 1) .
fMRI differentiation analysis In this paradigm, a 4 min sequence of movie, scrambled movie or 'TV noise' is presented to the subjects, each sequence repeated 30 times across different scanning sessions. In all three conditions, we expected an initial activation similar to that observed in the block design paradigm against the black screen baseline. However, unlike the block design analysis, the differentiation analysis focuses on systematic time-locked increases or decreases in activity compared to each voxel's mean activity during the 4 min sequence. This is done in two ways: i) by statistically comparing BOLD activity values at each time point with the BOLD activity for a black screen baseline; ii) by statistically comparing BOLD activity values at each time point with the BOLD activity mean for the overall session. For the movie sequence, we expected that high phenomenological differentiation (many different experiences) would go along with high neurophysiological differentiation over time and space: each voxel would show significant activations/deactivations time-locked to specific movie frames (neurophysiological differentiation over time), and different voxels would do so for different frames (neurophysiological differentiation over space). For the scrambled movie sequence, we expected intermediate levels of neurophysiological differentiation, corresponding to intermediate levels of phenomenological differentiation. For the TV noise sequence, we expected minimal systematic time-locked activations/deactivations, with low neurophysiological differentiation (a single, unchanging pattern of activation/deactivation) going along with low phenomenological differentiation (unchanging experience of 'TV noise'). Spontaneous fluctuations in BOLD activity from scan to scan were expected, but they would not be time locked to specific TV noise frames, which cortical regions should treat as equivalent. For the differentiation analyses, fMRI data were analyzed with SPM and FMRIB Software Library (www.fmrib.ox.ac.uk/fsl) softwares and with additional scripts (MB, SS) written in Matlab (MathWorks Natick, MA). The first 4 volumes of each 4 min scanning session were first removed from the data set (allowing for T1 signal equilibration). Preprocessing of functional scans was performed as above using SPM for spatial realignment, normalization to Montreal National Institute template and 8 mm full width at half maximum (FWHM) smoothing. For all sessions, we then used FSL to remove linear trends by high pass filtering the data above a 60 sec. cutoff, and each voxel was then centered on its own session mean. Since we observed some non-specific T2
Ã signal instability in the first 31 scans of each 4 min. scanning session, we excluded these volumes from our analysis [2] . We then measured Lempel-Ziv complexity on the spatiotemporal pattern of significant activations/deactivations. In a first analysis, we computed Lempel Ziv complexity for activations/ deactivations compared to a black screen baseline (similar to the baseline used in the block design). These black screen values were taken from the final volume at the end each ten sec black screen presentation used as a baseline in the block design, which were themselves centered on the within-subject mean value of the block design session. In order to identify differential activation patterns in response to different movie frames, we used SPM to perform F-tests between each given volume number across sessions and always the same black screen baseline. Statistical maps were obtained before Lempel-Ziv computation, as in [4] , in order to only consider the deterministic part of the signal (systematic stimulusinduced changes in brain signals). Each F-test was thresholded at whole brain FWE corrected p<0.05 (as displayed in Fig 3 for a representative subject). Whole session results were then summarized in a binary spatio-temporal matrix of activations/deactivations, with each row corresponding to one voxel, and each column to an fMRI volume number in time. Lempel-Ziv complexity was computed on these spatio-temporal binary activation/deactivation matrices for movie, scrambled movie, and 'TV noise' (Fig 3 top, Table 2 ). Lempel-Ziv computation used a hierarchical clustering approach and each individual value was then normalized by the withinsubject maximum before group mean and standard error of the mean were plotted for all conditions (Fig 4) . Further analyses were performed to identify separately differential activations (positive deviations from the black screen baseline) and deactivations (negative deviations from the black screen) for each volume number across sessions. Positive and negative T-test contrasts were computed for each volume number and thresholded at FWE error corrected p<0.05. Lempel-Ziv complexity was then computed on binarized spatio-temporal activation or deactivation matrices for the movie, scrambled movie, and 'TV noise' conditions ( Table 2) .
We then proceeded to a second, complementary differentiation analysis by performing, for each volume, an F-test of deviations from the session mean across the thirty sessions. In this analysis, significant non-zero values correspond to consistent positive or negative deviations in BOLD signal amplitude as compared to the session mean. As above statistical maps were obtained before Lempel-Ziv computation as in [4] , in order to only consider the deterministic part of the signal. Again each F-test was thresholded at whole brain FWE corrected p<0.05 (as displayed in Fig 5) in order to perform a conservative correction for spatial multiple comparisons. Whole session results were then summarized in a binary spatio-temporal matrix of activations/deactivations. As in the first analysis, Lempel-Ziv complexity was computed on these spatio-temporal binary activation/deactivation matrices for movie, scrambled movie, and 'TV noise' (Fig 5 top, Table 3 ) using a hierarchical clustering approach. Each individual value was then normalized by the maximum before group mean and standard errors were computed for all conditions (Fig 6) . Additional analyses were also performed to identify separately differential activations (positive deviations) and deactivations (negative deviations) as compared to the session mean for each volume number across sessions. Positive and negative T-test contrasts were computed for each volume number and as above thresholded at FWE error corrected p<0.05. Finally Lempel-Ziv complexity was computed separately on the binarized spatiotemporal activation or deactivation matrices for the movie, scrambled movie, and 'TV noise' conditions (see Table 3 ).
Lempel-Ziv complexity as a measure of differentiation
For the differentiation analyses, we calculated Lempel-Ziv complexity, a measure of the compressibility of a data set, for the spatiotemporal pattern of significant activations/deactivations with respect to a black screen baseline or to the session mean for the three conditions. LempelZiv complexity was employed as a simple way to estimate the number of different activation/ deactivation patterns.
Note that other measures, such as the total number of significantly activated/deactivated voxels, or the source entropy of the data, could also have been used to distinguish between the activation/deactivation patterns produced by our three conditions. In general, however, these other measures are not well suited to assess differentiation. For example, the number of activated voxels as well as source entropy, being only sensitive to first-order statistics, would be high for the voxel activation/deactivation patterns induced by a sequence alternating just two discriminable stimuli (say, a particular picture and black screen, repeated many times). By contrast, Lempel-Ziv complexity would immediately reveal the low differentiation (high compressibility) of the brain activation/deactivation patterns. Lempel-Ziv complexity of brain activity correlates with stimulus set meaningfulness-comparison to a black screen baseline. Results shown for a representative subject (same subject as for Fig 2) . For each condition, rectangles in the left column show exemplar pixels at the center of the screen of each frame, illustrating that all stimulus set present a high level of physical differentiation over time. In contrast, brain activity patterns over time are highly differentiated in the movie condition, intermediately differentiated in the scrambled movie condition, and very similar to one another in the 'TV noise' condition. Brain maps are here expressed in terms of significant changes in activity as compared to a black screen baseline (F-test, thresholded at whole brain FWE corrected p<0.05 for each frame). Top panel displays binarized spatio-temporal activation/deactivation matrices obtained for the 3 conditions after statistical thresholding was applied: a value of 1 was assigned to above threshold voxels for each scan, and a value of zero to voxels below threshold. For display purposes, binarized activation matrices are displayed only for the voxels that show at least once a significant activation in the movie (data dimension reduction from 94000 to~7000 voxels). Lempel-Ziv complexity was computed at the whole brain activation matrix encompassing 94000 voxels in each condition. doi:10.1371/journal.pone.0125337.g003 Note also that, in our previous work employing TMS-EEG to evaluate the differentiation of cortical EEG responses to transcranial magnetic stimulation [4] , Lempel-Ziv complexity was normalized by source entropy. In that study, normalization was applied to control for variations in stimulation parameters (stimulation site and intensity) and in the behavioral state of the subjects (alert wakefulness, mild and deep anesthesia, sleep, and disorders of consciousness), so that, for the same amount of bran activation, we could estimate relative changes in complexity as reflecting the level of consciousness. In the present work, by contrast, the average intensity of the stimuli was similar across the three sequences, and the subjects' level of consciousness was the same throughout the experiment. Moreover, our goal was to assess how many different patterns were triggered by the three stimulus sequences in absolute terms, Brain activity patterns over time are highly differentiated in the movie condition, intermediate in the scrambled movie condition, and very low in the 'TV noise' condition. Brain maps are here expressed in terms of significant changes in activity as compared to the within-session mean (F-test) thresholded at whole brain FWE corrected p<0.05 for each frame. Top panel displays binarized spatio-temporal activation/deactivation matrices obtained for the 3 conditions after statistical thresholding was applied-where a value of 1 was assigned to above threshold voxels for each scan, and a value of zero to voxels below threshold. For display purposes, binarized activation matrices are displayed only for the voxels that show at least once a significant activation in the movie (data dimension reduction from 94000 to~900 voxels). Lempel-Ziv complexity was computed at the whole brain activation matrix encompassing 94000 voxels in each condition. rather than in relative terms. Specifically, we expected to observe many different patterns for the movie, hence high Lempel-Ziv complexity, a few less for the scrambled movie, and just one pattern throughout for the noise, hence low Lempel-Ziv complexity. For these reasons, we measured Lempel-Ziv complexity deliberately without normalization by source entropy.
Finally, to rule out that the hypothesized result-highest neurophysiological differentiation for the movie, intermediate for the scrambled movie, and lowest for 'TV noise'-could be accounted for simply by higher stimulus differentiation-we computed Lempel-Ziv complexity for the sequence of stimuli (images) in the three conditions. For computational expediency, we chose a subset of the pixels at the center of each image (one tenth of the full screen image size). Due to scrambling, we expected stimulus differentiation to behave opposite to neurophysiological differentiation, with the highest value for 'TV noise' and the lowest value for the movie.
Integrated information Φ*
Integrated information is the amount of information generated by the whole above and beyond the information generated by its parts. A practical measure of integrated information, F Ã , can Individual values for activation/deactivation Lempel Ziv complexity as compared to the session in the movie, scrambled movie and 'TV noise' conditions. be defined as the difference between the mutual information of the whole system, I, and that of its parts, I Ã [5, 6] ,
The first term, I(X t ;X t-τ ), quantifies how much information about the past state of a system can be decoded by knowing the present state (mismatch decoding). The second term, I Ã (X t ;X t-τ ), quantifies how much information about the past state can be decoded by knowing the present state, under the assumption that parts of the system are independent [7] . To do so, the past state of each part is decoded by using only its own present state, while ignoring the other parts of the system. If the parts are truly independent, I and I Ã are equal and integrated information, F Ã , is 0. If the parts interact with each other, there should be a difference between I and I Ã , and F Ã will be non zero. F Ã thus reflects how much information the system generates above and beyond its parts, i.e. its integrated information. To calculate F Ã , fMRI time-courses of each voxel were averaged over 30 repetitions for movie, scrambled movie and 'TV noise'. This was done in order to extract primarily the deterministic (stimulus-evoked) part of the time course of the responses, while discarding fMRI spontaneous activity fluctuations. Then, the mean time-courses of regions of interest (ROI) were calculated. We used two different sets of functionally relevant ROIs to confirm the robustness of our results. Each ROI was defined as a 5mm radius sphere around published coordinates. 'ROI set 1' included 123 ROIs which were defined based on fMRI resting state functional connectivity map [8] . 'ROI set 2' contained 160 ROIs that did not overlap with ROI set 1, which were identified by a meta-analysis of fMRI task-activation studies [9] . Quantifying causal interactions between regions across different time steps using fMRI is best performed while modeling regional differences in hemodynamic response function (HRF) [10, 11] . For this reason, we conducted a region-specific HRF deconvolution of our fMRI data before calculation of F Ã (using the approach described in [11] , http://software.incf.org/ software/blind-hrf-retrieval-and-deconvolution-for-resting-state-bold). This approach allows to deconvolve the data while taking into account regional differences in HRF shape, latency and FWHM and was designed in order to improve computation of effective connectivity on continuous signals using fMRI data [11] .
To evaluate how much a system is integrated, one must find its informational ''weakest link", i.e. the minimum information partition [MIP] [12] , the partition of a system which makes the least of a difference. However, searching for the MIP exhaustively in large datasets is computationally infeasible. Furthermore, due to the small number of time points available in fMRI data, F Ã can only be computed on a limited number of ROIs. Given these limitations, we estimated F Ã by considering 1000 symmetric bipartitions of a set of 80 ROIs randomly selected from ROI set 1 or ROI set 2. For each bipartition, we calculated the amount of information generated by the set of 80 ROIs above and beyond its parts and that generated by the two sets of the 40 ROIs independently. The bipartition that made the least of a difference form the whole provided an approximate value of F Ã . We considered bipartitions only as they provide a lower bound on the expected value of integrated information [12] . We repeated this procedure for 1000 combinations of 80 ROIs from each ROI set in each condition, and computed the average F Ã values in each subject for each condition. Finally, we conducted group-level T tests in order to evaluate if average values of F Ã increased with changes in the meaningfulness of stimuli across conditions. Results were thresholded at false-discovery rate (FDR) corrected p<0.05 for each condition. This entire analysis was repeated five times through independent sampling of bipartitions to assess whether the results were robust.
Neural Complexity
Neural Complexity C N (X) quantifies the average mutual information among bipartitions of a neural system [13] :
where X is the neural system with n elementary components, X k j is a j-th subset consisting of k components, and X À X k j is its complement in the system. H X k j ; H X À X k j and H X ð Þ are the entropies of X k j ; X À X k j and X considered independently. <・> represents averaging for all subsets of size k. As done for F Ã , we calculated Neural Complexity on the deterministic (stimulus-evoked) part of fMRI time courses, i.e. the averaged time-courses over 30 repetitions for movie, scrambled movie and 'TV noise' conditions, both for ROI set 1 and ROI set 2. HRF deconvolution did not have to be performed to calculate Neural Complexity, since this measure is applied to instantaneous interactions between regions, with no delay in time (Neural Complexity results were nevertheless similar after deconvolution). Although theoretically Neural Complexity requires considering all bipartitions of the system, this computation is not practically feasible in fMRI data due to a combinatorial explosion. As we did for F Ã , we thus randomly selected bipartitions between two sets of 40 ROIs from ROI set 1 or ROI set 2 and calculated the mutual information between them. This procedure was repeated 10000 times to cover all ROIs of each ROI set. The 10000 values were averaged to obtain a single Neural Complexity estimate for each subject in each condition. Finally, we conducted group-level paired T tests in order to evaluate if Neural Complexity increased with the meaningfulness of the set of stimuli across conditions. Mean and standard error of the mean for these measures are displayed in Fig 5 for the movie, scrambled movie, and 'TV noise' conditions. Results were thresholded at false-discovery rate (FDR) corrected p<0.05 for each condition. Again, this entire analysis was repeated five times through independent sampling of bipartitions to assess whether the results were robust. Nevertheless, it should be emphasized that, even if F Ã and neural complexity values may be robust under repeated analysis, they remain extremely undersampled approximations.
Results
Lempel-Ziv complexity of the stimulus sequence
As expected, Lempel Ziv values computed over a representative fraction of the image pixels of the stimulus sequences (a central square) were lower for the movie sequence (1356), intermediate for the scrambled movie (1773), and highest for the 'TV noise' (2976).
Block design analysis
The six subjects underwent a block design alternating a 20 seconds sequence of the movie (Chaplin's 'City Lights'), a 4-seconds time scrambled version of this movie sequence, and corresponding 'TV noise' sequences (see Fig 1, Upper Panel) . In each subject, the movie, scrambled movie and 'TV noise' sequences all recruited a number of different brain areas (the results from an exemplar subject are shown in Fig 2) . As shown in Table 1 (random effects group analysis), both movie and scrambled movie recruited more areas than TV noise, but did not differ from each other.
fMRI activation Lempel-Ziv complexity
We then assessed the relationship between the differentiation of brain responses and the meaningfulness of the stimulus set. The same subjects watched a 4 minute sequence of the movie; a 4 minute sequence of the time-scrambled movie; a 4 minute sequence of the corresponding 'TV noise'. Each sequence of movie, scrambled movie, and 'TV noise' was repeated 30 times in counterbalanced order (see Methods and Fig 1, Bottom Panel) . After fMRI preprocessing, we centered each voxel on its own mean. A first differentiation analysis identified differentiated activation/deactivation as compared to a black screen baseline and a second analysis assessed BOLD increases or decreases as compared to the session mean (see Methods). Fig 3 presents the results of a first kind of differentiation analysis, which assessed systematic activations/deactivations with respect to a common black screen baseline for the same representative subject shown in Fig 2. Clearly, the movie sequence produced many different activation/deactivation patterns that varied over time and space (high neurophysiological differentiation). By contrast, the TV noise sequence produced a pattern of activations/deactivations that was similar throughout the 4 min (low differentiation). The scrambled movie produced patterns that were less differentiated than the movie and much more differentiated thatn TV noise.
We summarized the significant differential activation/deactivation patterns for each subject (F test) into a binarized spatio-temporal matrix (voxels x scans, where each voxel value is 1 if significant at family wise error (FWE) corrected p<0.05, and 0 if not significant for any given scan) for the three sets of stimuli (movie, scrambled movie and TV noise). Finally, we evaluated the Lempel-Ziv complexity of these binarized matrices. We repeated the process separately for activations (positive T test) and deactivations (negative T test) with respect to the black screen baseline. Fig 4 and Table 2 show the group results for this analysis. Highest group values of Lempel-Ziv complexity were found for the movie condition, intermediate values for the scrambled movie and lowest values for the 'TV noise' condition. Note that Lempel-Ziv complexity values for TV noise are much lower than for the other conditions, but they are not at zero. This is likely due to signal fluctuations, related to spontaneous activity and/or physiological noise.
A second kind differentiation analysis assessed systematic BOLD signal increases/decreases across sessions with respect to the mean of the sequence within each session. Fig 5 shows the results of this approach in the same subject shown in Figs 2 and 3. As in the first differentiation analysis, the movie sequence elicited over time a number of differentiated patterns of timelocked activation/deactivation widely distributed over the cortical surface. The scrambled movie sequence elicited time-locked activation/deactivation patterns that were less widespread. Finally, 'TV noise' induced virtually no significant differentiation of activation/deactivation patterns over the mean of each sequence.
We again summarized the significant differential activation/deactivation patterns for each subject (F test) into a binarized spatio-temporal matrix for the three sets of stimuli (movie, scrambled movie and TV noise) and computed the Lempel-Ziv complexity of these binarized matrices. We also computed Lempel-Ziv complexity separately for activations (positive T test) and deactivations (negative T test) as compared to session mean. Fig 5 (top) shows the results for this approach for overall activations/deactivations in our exemplar subject. Table 3 displays Lempel-Ziv complexity values for individual subjects. 
Integrated information Φ*
Neurophysiological activity patterns associated with conscious experiences should not only be differentiated, but also integrated, corresponding to a high capacity for information integration [4, 14, 15] . We estimated integrated information from fMRI data using a measure based on mismatch decoding, F Ã [5, 6] . F Ã is the difference between the information a system has about its past when taken as a whole and the information its parts have about themselves taken separately, considering the partition of the system that makes the least difference (minimum information partition, MIP). In other words, F Ã quantifies integrated information as the information the system has above and beyond its parts [14] . We chose two representative sets of 80 voxels (based on functional connectivity data (region of interest (ROI) set 1) and meta-analyses of activation (ROI set 2) respectively, see Methods) and performed two independent analyses. To calculate F Ã , we took the time series of mean BOLD values for each voxel averaged over the 30 repetitions for movie, scrambled movie, and TV noise. Total system information was defined as the mutual information between the state (BOLD signal values) of a set of ROI at each time step, and its state at an earlier time step. We repeated the analysis for intervals ranging from 1 to 10 seconds. The information for the parts independently was calculated in the same way. Integrated information F Ã was then defined as the difference between the total system information and the information for the minimum information partition (the partition, out of 1000 bipartitions sampled, which led to the least loss of information compared to the system as a whole [5, 6] . We used bipartition to calculate F Ã , because bipartition of the 80 ROIs provides a lower bound on the expected value of integrated information than any other partitions [12] . The results show that F Ã was highest for the movie, intermediate for the scrambled movie, and low for TV noise, for all time-lags up to 10 seconds (corrected P < 0.05, group data shown in Fig 7A for a time lag of 4 seconds, see also Table 4 ; for display purposes, results are normalized to the maximum F Ã value within each subject). Data for our exemplar subject at all time-lags are shown in Fig 7B. We obtained consistent results both for ROI set 1 and 2, which did not include any overlapping ROIs. Finally, to assess the robustness of the results, we repeated the entire analysis five times on independently chosen sets of bipartitions. In all cases, the results were confirmed: F Ã values for the movie condition were statistically higher than for scrambled, and both movie and scrambled were statistically higher than noise (corrected P < 0.05).
Neural Complexity
Finally, we asked whether Neural Complexity, another measure of information integration within a network [13] , was also correlated with stimulus set meaningfulness, using the same datasets as for the calculation of F Ã . While F Ã considers the mutual information between current and past states of the whole system and its parts, Neural Complexity measures the average mutual information between the current states of one part of the system and the rest. As shown in Fig 8 and Table 5 , the group mean for Neural Complexity was again high for the movie, intermediate for the scrambled movie, and low for 'TV noise' (for display purposes, Individual values and group statistics for Φ* in movie, scrambled movie and 'TV noise' (used in Fig 7) . results were again normalized to the maximum Neural Complexity value within each subject). Thus, the overall meaningfulness of the stimulus set was reflected in measures of information integration among cortical regions, such as F Ã and Neural Complexity, indicating that differentiated responses to the movie were also integrated. As above, to assess the robustness of the results, we repeated the entire analysis five times on independently chosen sets of bipartitions. In all cases, the results were confirmed: neural complexity values for the movie condition were statistically higher than for scrambled, and both movie and scrambled were statistically higher than noise (corrected P < 0.05).
Discussion
This study tested the hypothesis that the differentiation of cortical responses to a set of diverse stimuli reflects the meaningfulness of the stimulus set for the subject. Objectively, the three stimulus sets-movie, scrambled movie, and 'TV noise'-consisted in each case of many different frames. In fact, the differentiation of the stimulus set, as measured by Lempel-Ziv complexity, was lowest for the movie and highest for TV noise, as one would expect due to stimulus scrambling. From the subject's perspective, however, while the movie sequence consisted of a set of different scenes (phenomenological differentiation), the 'TV noise' sequence consisted of just a single experience, that of seeing 'TV noise' (lack of phenomenological differentiation). Thus the movie sequence was rich in diverse meanings, the 'TV noise' had just one meaning, and the scrambled movie was in between. Our findings demonstrate that the differentiation of cortical activity patterns was indeed highest for a sequence of frames from a movie, intermediate for a temporally scrambled sequence of the same movie, and minimal for a 'TV noise' sequence obtained by spatially scrambling the pixels from each movie frame-the opposite ranking compared to stimulus differentiation. Our results support the hypothesis that neurophysiological differentiation reflects phenomenological differentiation and the overall meaningfulness of a set of stimuli. All three sets of stimuli induced reproducible activation of multiple brain regions compared to a black screen baseline (block design analysis, Fig 2) . Nevertheless, the differentiation of brain activations, measured using Lempel-Ziv complexity, was highest for movie, intermediate for scrambled, and minimal for 'TV noise' (Figs 3-6 ). Lempel-Ziv complexity assesses the compressibility of data-here, fMRI cortical activation patterns. We employed this measure to evaluate the absolute diversity of activation/deactivation patterns because, unlike some other measures such as overall activation or source entropy, it is sensitive to more than first-order statistics (see Methods). In general, a high Lempel-Ziv value (as obtained for the set of movie frames) indicates that different stimuli in the set induced different activation/deactivation patterns, which are hard to compress. At the other extreme, the set of 'TV noise' stimuli, while just as different from each other as movie frames, induced a cortical activation/deactivation pattern that did not change significantly from one frame to the next, and was thus easy to compress. It should be noted that changes in low level image statistics (spatial smoothness etc.) due to spatial scrambling in the 'TV noise' condition may contribute to some of the observed differences (see Methods). From a theoretical perspective, however, any change in neurophysiological differentiation due to the scrambling of regularities-including low level ones-reflect stimulus meaningfulness [16] . At any rate, the effects of changes in low level spatial statistics appear to be confined to early visual areas [17] , which contribute only a fraction of the voxels evaluated in our analysis. Also, the increased neurophysiological differentiation in the movie compared to the time-scrambled movie cannot be accounted for by changes in spatial statistics.
Much evidence indicates that a characteristic set of regions-the default mode network-is deactivated in several different task conditions [18] . Here we also observed a higher differentiation of cortical responses to the movie compared to 'TV noise' not just for activations but also for deactivations. This implies that different meaningful stimuli turn off different sets of brain areas. By contrast, a set of stimuli having the same meaning ('TV noise') turns off the same set of areas. Therefore, in addition to the task-related deactivation of a default brain network, there can be spatially differentiated, stimulus-specific deactivations that relate to stimulus meaning.
The higher Lempel-Ziv complexity of movie over 'TV noise' was paralleled by a higher value of integrated information F Ã among cortical regions (Fig 7, [5, 6] ). F Ã is a measure of how much better the current state of a system as a whole predicts its future state compared to what independent parts of the system could do, for the partition that cuts the system through its weakest link (minimum information partition, MIP). For F Ã to be high, a system must have a large repertoire of different states (information) and any part of a system must interact effectively with the rest of the system (integration). Thus, like Lempel-Ziv complexity, F Ã reflects the degree of differentiation of brain responses, while at the same time establishing that such responses are integrated. This finding suggests that the higher differentiation observed in the movie condition is due to the coherent rather than to the independent involvement of distributed brain areas. Another analysis consistent with this interpretation was the higher average mutual information between a part of the cortex and the rest in the movie compared to scrambled movie and 'TV noise' (Neural Complexity, Fig 8) . As shown in theoretical work and computer simulations [19] , increases in mutual information between cortical regions when the brain is exposed to meaningful stimuli are proportional to changes in the average mutual information between the stimulus set and subsets of cortical regions. This is true even though, by the data processing theorem, the overall mutual information between the stimulus set and the brain is fixed, and is comparable in the three experimental conditions [20] . Thus, an increase in average mutual information across partitions of the cortex in the movie condition indicates that the information in the stimulus set must be distributed more efficiently to different brain regions, where each region deals with selective aspects of the same stimuli [19] . This fits with the intuitive idea that different meaningful stimuli should be informative in different ways for different brain regions [21] .
We recently employed Lempel-Ziv complexity to evaluate the differentiation of cortical responses after transcranial magnetic stimulation (TMS) activation of individual brain regions [4] . Compared to measures of functional connectivity, Lempel-Ziv complexity has the advantage of combining in a single measure the spread of activity and the differentiation of brain responses to perturbations [4] , both of which are necessary for information integration [22] . The results showed that Lempel-Ziv complexity is high when subjects are conscious and low when consciousness is lost. This was true for individual subjects and across different conditions such as loss of consciousness with sleep, general anesthetics, and brain damage. In the TMS work, a direct cortical perturbation, which in itself evokes no conscious content, was employed to gauge the level of consciousness, as reflected in the brain's capacity for integration and differentiation [4] . In the current study, the differentiation of brain responses was evaluated in conscious subjects in response to different sensory stimuli, each of which evoked a conscious content, to assess the meaningfulness of a set of stimuli for the subject.
The assessment of the differentiation of cortical responses to stimuli departs from standard fMRI localization approaches, since it does not ask which particular brain areas are activated by particular features or categories contained in different stimuli. Also, unlike decoding approaches, our analysis does not ask whether it is possible to infer particular features or categories in the stimuli from brain activity. Nevertheless, for this study we chose stimuli such that the differences in phenomenological differentiation/meaningfulness were obvious (movie > scrambled movie > TV noise) and similar across different subjects. Moreover, some of the meaningful categories present in the movie and absent in 'TV noise' were also obvious (e.g. faces and houses). Also, based on previous work, we could already expect that different movie frames would activate different cortical regions at different times, such as the fusiform face area (FFA) for frames with faces and the parahippocampal place area (PPA) for frames with houses, whereas 'TV noise' frames would not activate these areas differentially. Finally, based on the pioneering work by Hasson et al. [2, 23, 24 ], we expected that high level areas characterized by long temporal receptive fields would be differentially activated between all conditions. These expectations could have been confirmed through a traditional localization or decoding approach, but our purpose here was different: to exploit such differential responses to validate the notion that the differentiation of neurophysiological responses can be measured and that it reflects phenomenological differentiation, hence meaningfulness. In this respect, it is instructive to compare the movie and the scrambled movie condition. In the block design, there was no significant difference in regional activation/deactivation between the two (Table 1) . Moreover, it is difficult to say exactly what categories of meaning were missing in the scrambled sequence and where each of them would map on the cortex. However, neurophysiological differentiation clearly distinguished between the two sets according to their meaningfulness.
More generally, assessing the differentiation of brain responses should be helpful when it is unclear a priori which stimuli might be ecologically relevant and how they may be categorized by the brain, for example in infants or animals. It can also be useful when brain responses are highly variable across individuals or idiosyncratic, as when the meaning of stimuli is strictly personal. As an example, it could be used to detect whether a subject understands a stimulus set, say sentences in a foreign language, whether or not he acknowledges it. Furthermore, this approach should be especially powerful to track changes in differentiation over time within a single subject to assess learning and the acquisition of expertise. Comparing the differentiation of the neurophysiological responses of different subjects to the same stimuli should instead indicate which stimulus set may be more meaningful to which subject, and potentially reveal perceptual and cognitive domains of greater or lesser aptitude. Finally, this approach might be helpful when brain injuries lead to alterations in cortical organization. In such cases, while localization of responses or decoding what the subjects may be perceiving may be difficult, it may be possible to establish whether some sets of stimuli are more or less meaningful than others, guiding communication and rehabilitation.
As in this study, the fully scrambled version ('TV noise') of a representative stimulus set (movie) provides a baseline of least meaningfulness. From a theoretical perspective [16] , a typical movie can be taken as a representative sample of the causal structure of the environment to which an organism has adapted. 'TV noise' can be though of as a stimulus set for which, given the same first-order statistics, all traces of the causal structure of the environment have been removed. A single stimulus (movie frame) will typically trigger a single experience specified by the large number of concepts available to a conscious human. These concepts can be positive (a face), negative (no house), low level (an edge), high level (a tramp), first order (a hat), high order (a black hat on the head of the tramp on the left), and so on. Over time, different frames of a movie will trigger on and off different first order concepts (a house, no face, and so on) and associated high order concepts. Altogether, the distance between the set of concepts triggered by a stimulus set representative of the causal structure of an environment (here, the movie), and the set of concepts triggered by its fully scrambled version (here, 'TV noise'), quantifies to what extent the brain 'matches' the causal structure of that environment. This distance, called matching, should be weighted by the overall value of integrated information F to reflect the meaningfulness of the stimulus set for a single (integrated) consciousness. The actual meaning of a particular experience is instead given by the set of concepts (conceptual structure) that are specified within the subject's brain at any given time. [16] .
In conclusion, these results suggest that the differentiation of neural responses can reflect the meaningfulness of a given set of stimuli for a given subject, without prior assumptions about features and categories in the stimuli and how and where they may be represented in the brain. Forthcoming experiments using both fMRI and high-density EEG will assess neurophysiological differentiation using a larger spectrum of stimulus sets, including sets that may have different levels of meaningfulness for different subjects. Future studies will also take advantage of single trial presentation of stimuli rather than repeated ones, and employ state space analyses (similar to the representational analysis used in fMRI decoding [25] ) to quantify differentiation in a multivariate manner. If this approach proves successful, it will become feasible to employ specifically designed sets of stimuli to explore what features of the environment may be most meaningful for a given subject, and compare the maximum amount of differentiation and therefore meaningfulness that different subjects can extract from different sets of stimuli. Finally, similar experimental paradigms could be used to investigate in which set of brain areas neurophysiological and phenomenological differentiation covary most closely, providing a way to locate the neural substrates of consciousness and subjective meaning without having to rely on explicit report.
